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Abstract 25 
Cellulose accounts for approximately half of photosynthesis fixed carbon, however the 26 
ecology of its degradation in soil is still relatively poorly understood. The role of 27 
actinobacteria in cellulose degradation has not been extensively investigated, despite their 28 
abundance in soil and known cellulose degradation capability. Here, the diversity and 29 
abundance of the actinobacterial glycoside hydrolase family 48 (cellobiohydrolase) gene was 30 
determined in soils from three paired pasture-woodland sites using T-RFLP and clone 31 
libraries with gene-specific primers. For comparison, the diversity and abundance of general 32 
bacteria and fungi were also assessed. Phylogenetic analysis of the nucleotide sequences of 80 33 
clones revealed significant new diversity of actinobacterial GH48 genes, and analysis of 34 
translated protein sequences showed that these are likely to represent functional 35 
cellobiohydrolases. Soil C:N ratio was the primary environmental driver of GH48 community 36 
composition across sites and land uses, demonstrating the importance of substrate quality in 37 
their ecology. Furthermore, mid infrared (MIR) spectrometry-predicted humic organic carbon 38 
was distinctly more important to GH48 diversity than to total bacterial and fungal diversity. 39 
This suggests a link between actinobacterial GH48 community and soil organic carbon 40 
dynamics and highlights the potential importance of actinobacteria in the terrestrial carbon 41 
cycle.  42 
 43 
 44 
 45 
 46 
 47 
 48 
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1. Introduction 49 
Cellulases are responsible for the degradation of cellulose, an insoluble, recalcitrant substrate 50 
which comprises approximately half of the biologically fixed CO2 on earth (1). Cellulases are 51 
classified as glycosyl hydrolases (GH) together with other enzymes that target the glycosidic 52 
bonds in oligo- and polysaccharides, and are grouped into families that reflect their protein 53 
folding structure (2). Metagenomic studies have characterized various cellulose-rich 54 
environments, such as the bovine rumen (3-6), rabbit caecum (7), ant fungus gardens (8), 55 
compost (9, 10), earthworm casts (11), termite gut (12) and forest soil (13, 14). These studies 56 
have revealed a rich new GH gene diversity not thus far observed in cultured microorganisms. 57 
However, little is known about the role of GH genes in natural environments and the enzymes 58 
they encode. 59 
Glycoside hydrolases are a large and complex group of enzymes, with some GH 60 
families showing multiple substrate specificity (15). Horizontal gene transfer has also been 61 
documented for many GH families (15-21). The presence of multiple substrate specificity 62 
within the same GH family has precluded the design of molecular tools for in-depth 63 
investigation of their environmental role. Importantly, all 13 functionally characterised 64 
bacterial glycoside hydrolase family 48 (GH48) enzymes have been shown to target cellulose 65 
and, in most bacteria that carry the GH48 gene, it is present as a single genomic copy (19). 66 
Only in insects have the characterised GH48 enzymes been shown not to target cellulose; in 67 
these organisms GH48 enzymes are chitinases.  68 
In conventional systems for cellulase classification, GH48 enzymes mostly function as 69 
cellobiohydrolases, also known as exoglucanases (22). This class of cellulases are known to 70 
hydrolyse the ends of the cellulose chain and to act processively, producing glucose or 71 
cellobiose as end products (15). Although their specific activity is low, GH48 72 
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cellobiohydrolases are important components of the multi-enzyme cellulolytic systems they 73 
are part of, acting in synergy with other cellulases in order to achieve efficient 74 
depolymerisation of cellulose. The deletion of GH48 genes from bacterial genomes has been 75 
shown to significantly impair cellulolytic activity (23-25). GH48 cellobiohydrolases are 76 
prevalent amongst Gram-positive cellulose degraders, but are also found in anaerobic fungi 77 
(order Neocallimastigales), a small number of Gram-negative bacteria and in certain insects 78 
(19, 21, 26, 27). 79 
Evolutionary analysis of GH48 sequences obtained from bacterial, fungal and insect 80 
genomes suggests that GH48 genes evolved in the common ancestor of phyla Actinobacteria, 81 
Firmicutes and the Chloroflexi, and their occurrence outside these phyla is due to horizontal 82 
gene transfer (19). Sukharnikov et al. (19) also identified a conserved omega loop in all 83 
functionally characterised bacterial GH48 proteins which is absent in insect GH48 proteins, 84 
and used the presence of this loop and conserved residues in the catalytic region of GH48 85 
gene to predict that all known bacterial and fungal GH48 enzymes target cellulose. In addition 86 
to cellulose, the GH48 enzymes of some Clostridium species are known to also hydrolyse 87 
xylan, mannan and β-glucan in addition to cellulose (28-30). Studies have investigated the 88 
diversity and abundance of GH48 genes from anaerobic Gram-positive bacteria such as 89 
Clostridium spp. in thermophilic composts, sulphate-reducing bioreactors and wastewater 90 
sediments (22, 31, 32), and one study has investigated actinobacterial GH48 gene diversity in 91 
decomposing straw (33). 92 
Members of the Actinobacteria phylum are abundant in soils and are thought to have 93 
an important role in organic matter turn-over, breakdown of recalcitrant molecules such as 94 
cellulose (34, 35), and polycyclic aromatic hydrocarbons (36).  Cultivation-based studies have 95 
demonstrated the ability of many actinobacteria to grow on cellulose (37-39), whilst the 96 
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properties of actinobacterial cellulolytic enzymes have been characterised for two model 97 
cellulose-degrading strains, Thermobifida fusca and Cellulomonas fimi (40, 41). Furthermore, 98 
analysis of the available actinobacterial genomes has shown the presence of functional GH 99 
genes which are similar to characterised cellulase genes in T. fusca and C. fimi (42, 43). 100 
Further analysis of their cellulolytic ability indicated that most actinobacteria that contain 101 
functional cellulase genes are able to degrade cellulose, whereas the absence of detectable 102 
activity in laboratory assays may be a result of the use of modified cellulose substrates and 103 
artificial growth media not optimal for cellulase production and activity (43). It is important 104 
to note that efficient cellulose degradation can only occur through the concerted action of 105 
several enzymes (i.e. endoglucanases,  cellobiohydrolases and β-glucosidases) (15), and 106 
therefore it is not possible to estimate cellulose degradation rates through the detection and 107 
quantification of a single cellulose-degradation gene. However the development of tools for 108 
determination of the abundance and diversity of one of the most substrate-specific cellulose 109 
degradation genes (the GH48 gene) from actinobacteria will aid in elucidating the ecology 110 
and the role of these organisms in terrestrial carbon cycling.  111 
In this study we investigated the ecology of saprotrophic actinobacteria in soil by 112 
developing standard and quantitative PCR primers targeting the catalytic region of the 113 
actinobacterial GH48 gene. We aimed to determine whether the GH48 gene community 114 
would correlate more strongly to soil carbon quantity and quality than the overall bacterial 115 
and fungal communities. Cloning and sequencing was used to determine the phylogeny of 116 
actinobacterial GH48 genes amplified from soils. We investigated the presence of the 117 
catalytic base residue and residues involved in substrate recognition and cellulose chain 118 
accessibility in order to assess whether these represented functional GH48 genes likely to be 119 
involved in cellulose degradation. Quantitative PCR was used to provide an estimate of the 120 
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abundance of these genes in the soils analysed. Using terminal restriction fragment length 121 
polymorphism (T-RFLP) we assessed the diversity of soil actinobacterial GH48 genes from 122 
three paired pasture-woodland sites. Specifically we contrasted actinobacterial GH48 ecology 123 
in two systems where plant litter is likely to be chemically and structurally different (44, 45). 124 
Furthermore, soil variables were quantified and used to develop multivariate correlation 125 
models of actinobacterial GH48, general bacterial 16S rRNA and fungal ITS genes.  126 
 127 
2. Material and Methods 128 
2.1.  Field sites 129 
Sampling was conducted at three paired sites, each comprising adjacent 1 ha pasture and 130 
woodland plots. The sites were Talmo (34.936976°S, 148.625293°E), Glenrock 131 
(34.858413°S, 148.56724°E) and Bogo (34.813746°S, 148.704558°E) and are located on 132 
farms near the locality of Bookham, NSW, Australia (46). The woodland sites were 133 
dominated by Eucalyptus spp. [(Eucalyptus melliodora A. Cunn. Ex Schaur (yellow box) and 134 
E. albens Benth. (white box)]; Talmo woodland plot had the highest tree densities with an 135 
infrequent population of Acacia dealbata and Acacia implexa and small isolated patches of 136 
native Australian grasses, such as Themeda triandra Forssk. and Poa sieberiana Spreng. The 137 
pasture plots were improved with Trifolium subterraneum (subterranean clover) and show a 138 
mixture of annual and perennial native and introduced grasses, including Phalaris aquatica. 139 
The pasture plots were routinely grazed with sheep and received regular inputs of phosphorus 140 
fertiliser (approximately 10 kg P ha-1 yr-1), with Talmo and Glenrock having higher level of 141 
overall soil fertility and stocking rates. For further site description details see de Menezes et 142 
al. (46) and Supplementary Material.  143 
7 
 
A total of 240 samples were taken across the six plots. Soils cores (0-10 cm deep, 5 144 
cm diameter) were kept cold (4°C) until processed. The soils were sieved (5 mm), 145 
homogenised and separated into aliquots: a) frozen in liquid nitrogen (for DNA analyses); b) 146 
kept at 4°C (quantification of soil nutrients and moisture); c) air dried (soil pH, mid infrared 147 
(MIR) spectrometry and C and N analyses). Soil properties [pH, soil moisture, dissolved 148 
organic carbon (DOC), dissolved organic nitrogen (DON), ammonium (NH4+-N), nitrate 149 
(NO3--N), free amino acids (FAA-N), microbial biomass C (MBC), microbial biomass N 150 
(MBN), loss on ignition (LOI), total, inorganic and organic P, total C and N and particulate-, 151 
humus- and resistant-organic carbon (POC, HOC and ROC)] were determined as described in 152 
de Menezes et al. (46). There is a high correlation between the MIR predictive algorithms 153 
used to estimate HOC and total organic carbon (TOC), which indicates that these two organic 154 
carbon fractions are predicted based on the same MIR spectral features (47). Therefore the 155 
interpretation of HOC as humic organic carbon should be taken with caution. For more details 156 
regarding the organic carbon fraction determination by MIR, see Supplementary Material. 157 
 158 
2.2. GH48 primer design 159 
2.2.1.  Standard GH48 PCR primers  160 
All 39 unique available actinobacterial GH48 sequences were obtained from the CAZy web 161 
portal (http://www.cazy.org/) (48) and aligned in MAFFT using the accuracy oriented global 162 
pair (G-INS-i) method (49). Alignments were visualised in Geneious v. 5.6.6 (Biomatters, 163 
New Zealand), and conserved regions were identified that partially covered the GH48 164 
catalytic domain [1923 bp long in T. bifida (24)]. Primers were designed using the primer 165 
design tool in Geneious. Due to the difficulties in designing one primer pair covering all 166 
actinobacterial GH48 gene diversity, two primer pairs were developed, GH48_F1 (5’-167 
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RRCATBTACGGBATGCACTGGCT-3’) and GH48_R1 (5’-168 
VCCGCCCCABGMGTARTACC-3’) as well as GH48_F1_cell (5’-169 
AYGTCGACAACRTSTACGGMTWCG-3’) and GH48_R1_cell (5’ 170 
CCGCCCCASGCSWWRTACC-3’), and both were used for cloning and sequencing and T-171 
RFLP. In-silico primer specificity was analysed using MFEprimer-2.0 (50), which revealed 172 
that the combination of the two primer pairs provided good coverage of known actinobacterial 173 
GH48 gene diversity (see the Results section 3.1.). Further details of GH48 gene primer 174 
design are in supplementary Supplementary Material Tables S1 and S2. 175 
 176 
2.2.2. Quantitative-PCR primer design  177 
GH48 qPCR primers (qPCR_GH48_F8: 5’-GCCADGHTBGGCGACTACCT-3’ and 178 
qPCR_GH48_R5: 5’- CGCCCCABGMSWWGTACCA-3’) were designed as above, based 179 
on sequences obtained from the CAZy database. Further details of GH48 gene primer design 180 
are in Supplementary methods and Supplementary Tables S1 and S2.  181 
 182 
 183 
2.3. DNA extraction 184 
The MoBio PowerSoil® kit (Carlsbad, CA) was used to extract DNA from 0.25 g of soil, 185 
according to the manufacturer’s instructions except for the use of a Qiagen TissueLizer 186 
(Venlo, Netherlands) shaker for 2 minutes at full speed after the introduction of buffer C1. 187 
DNA concentrations were normalised across all samples as reported by de Menezes et al. 188 
(46).  189 
 190 
2.4. Cloning 191 
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The 40 DNA samples from each of the 6 plots (total of 240 samples from the 3 paired pasture-192 
woodland sites) were pooled and amplified with both GH48 PCR primer pairs (GH48_F1-193 
GH48_R1 and GH48_F1_cell-GH48_R1_cell) to give 12 amplifications. Each of the 12 194 
amplicon fragments were excised and purified from 1% agarose gels using QIAquick® spin 195 
Miniprep kits (Qiagen, Düsseldorf, Germany). Amplicons were then cloned from each of the 196 
12 amplicon mixtures separately using the Promega pGEM®-T Easy vector system (Promega, 197 
Madison, USA). Resulting plasmids containing inserts of the correct length were extracted 198 
using Perfectprep® plasmid isolation kits (Eppendorf, Hamburg, Germany) and the clones 199 
sequenced by Macrogen (Seoul, South Korea) using M13 primers. Sequences were analysed 200 
in Geneious and poor quality sequences removed from the dataset. A total of 80 high quality 201 
GH48 sequences were obtained from the 12 cloning reactions which were then used for 202 
phylogenetic analyses, with a total 39 sequences from woodlands and 41 for pastures, and 9 to 203 
16 sequences per individual pasture or woodland plot.  204 
The actinobacterial GH48 gene sequences generated in this study were submitted to 205 
GenBank (accession numbers KM891594-KM891673).  206 
 207 
2.5. Phylogenetic analysis of actinobacterial GH48 sequences 208 
Available GH48 sequences (excluding duplicates) from cultured actinobacteria strains, as 209 
well as a selection of sequences from the Firmicutes (Bacillus spp., Paenibacillus spp., 210 
Clostridium spp.), Proteobacteria (Hahella chejuensis and Myxobacter sp.), Chloroflexi 211 
(Herpetosiphon aurantiacus), anaerobic fungi (Piromyces spp. and Neocallimastix spp.) and 212 
Insecta (Leptinotarsa decemliuneata) were aligned in MAFFT (49) using the G-INS-i model 213 
and default parameters for DNA alignment. The alignment was visualised and manually 214 
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optimised in Geneious and exported after removal of the primer regions. After alignment, 215 
nucleotide sequences were translated into protein sequences; any sequence that did not 216 
translate into a GH48 through its entire length was removed from the original nucleotide 217 
sequence alignment prior to the construction of phylogenetic trees.  218 
 Maximum Likelihood phylogenetic trees were produced by exporting the alignment to 219 
PhyML online (http://atgc.lirmm.fr/phyml/) (51) and RaxML (http://phylobench.vital-220 
it.ch/raxml-bb/) (52). PhyML was run using the HKY85 substitution model and the 221 
Shimoidara-Hasegawa (SH)-like aLRT branch support method and 100 bootstraps. RaxML 222 
was run with 100 bootstraps and the CAT model of heterogeneity (52). The tree topologies 223 
generated with PhyML and RaxML were compared to determine the consistency of tree 224 
branching patterns. The resulting RaxML phylogenetic trees were uploaded in iTol 225 
(http://itol.embl.de) (53) for visualisation of the phylogeny and metadata (see Supplementary 226 
Material Fig. S2 for the PhyML tree).  227 
 228 
2.6. Analysis of residues of functional significance  229 
The GH48 sequence region targeted in this study corresponds to the region in the T. fusca 230 
gene that contains the catalytic base D225 (aspartic acid) essential for cellulose hydrolysis 231 
(54), as well as 12 other residues conserved in bacterial and fungal GH48 cellobiohydrolases 232 
with functional significance in substrate recognition (hydrogen bonding and hydrophobic 233 
stacking interactions) and enzyme thermal stability (calcium coordination) (19, 55, 56). In 234 
addition, the region targeted also includes two aromatic residues (phenylalanine 195 and 235 
tyrosine 213) in the entrance of the T. fusca GH48 active site tunnel (in which the cellulose 236 
chain slides in and where hydrolysis take place) which play a role in facilitating access of the 237 
cellulose chains to the active site and promote enzyme processivity (57). In order to determine 238 
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if the GH48 sequences obtained here also had these residues, the 80 aligned GH48 sequences 239 
produced from our clone libraries were translated to protein sequences and compared with the 240 
protein sequence of the model organism T. fusca.  241 
 242 
2.7. qPCR cycling conditions 243 
GH48, bacterial 16S rRNA and fungal ITS gene abundances were quantified from each of the 244 
240 individual soil samples in triplicate reactions using the SsoAdvancedTM SYBR® green 245 
Supermix (Bio-Rad, Hercules, CA) using the C1000 Thermal cycler (Bio-Rad, Hercules, CA), 246 
to which 400 nM primers, 2 µl DNA (diluted 1 in 10) and H2O were added to 10 µl. qPCR 247 
cycling conditions were as follows: for the GH48 gene, 95°C for 1 min. (1 cycle), 95°C for 248 
5s, 57°C for 20s (39 cycles); 16S rRNA gene rRNA [primers Eub338 (58) and Eub518 (59)], 249 
95oC for 1 min. (one cycle), 95oC for 15s and 56oC for 20s (39 cycles); ITS1 gene [primers 250 
ITS1F (60) and 5.8s (61)], 95oC for 1 minute (one cycle), 95oC for 5s and 53oC for 20s and 251 
extension at 72oC (39 cycles). A melt curve from 65oC to 95oC was added at the end of all 252 
amplification cycles. Standards were run in triplicates in each qPCR plate with 10-fold 253 
dilution series from 108 to 100 copies µl-1. GH48 standards were purified PCR products from 254 
a local soil actinobacterial isolate; for bacteria and fungi the PCR products from 255 
Pseudomonas fluorescens strain 5.2 16S rRNA or the ITS gene from Fusarium oxysporum 256 
vasinfectum were used. Amplification efficiencies were > 90% and R2 was > 0.99 for all 257 
GH48, bacterial 16S rRNA and fungal ITS gene calibration curves. 258 
 259 
2.8. T-RFLP analysis 260 
2.8.1. GH48 gene 261 
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For T-RFLP analysis of the 240 individual soil samples, multiplex PCR was performed using 262 
both primer pairs designed for the actinobacterial GH48 gene (GH48_F1-GH48_R1 and 263 
GH48_F1_cell-GH48_R1_cell). The GH48_F1 and GH48_F1_cell primers were labelled 264 
with 6-Carboxyfluorescein and 5-Hexachlorofluorescein at the 5’end, respectively. The PCR 265 
reactions contained 2 ng DNA, forward and reverse primers (200 nM each), MyTaqTM DNA 266 
polymerase (0.25 µl) (Bioline, Alexandria, Australia), dNTP (250 µM each) and 1x of the 267 
supplied buffer. A touchdown-PCR protocol was used for GH48 gene amplification as 268 
follows: 95°C for 2 minutes, followed by 2 cycles of 30s each at 95°C, 65°C and 72 °C; 2 269 
cycles of 30s each at 95°C, 62°C and 72°C; 3 cycles of 30s at 95°C and 59°C and 40s at 270 
72°C; 4 cycles of 30s at 95°C and 56°C and 45s at 72°C; 5 cycles of 30s at 95°C and 53°C 271 
and 50s at 72°C; 30 cycles of 30s at 95°C, 45s at 50°C, and 100s at 72°C; lastly 1 cycle at 272 
72°C for 10 minutes. The amplified PCR products were cleaned with Agencourt® AMPure® 273 
beads (Beckman Coulter, Lane Cove, Australia) and quantified using a Quant-iTTM 274 
Picogreen® dsDNA quantification kit (Life TechnologiesTM, Mulgrave, Australia) according 275 
to the manufacturer’s instructions. 25 ng of PCR product was added to a reaction mixture 276 
containing water, reaction buffer and 20 units of the AluI and MboII restriction enzymes (New 277 
England Biolabs); the double-digestion was carried out overnight at 37°C. For the purification 278 
of PCR products, digests were precipitated by incubation with 150 µl of cold 75% 279 
isopropanol (v/v) (Sigma-Aldrich, Sydney, Australia) for 30 minutes followed by 280 
centrifugation at 4000 rpm for 45 minutes. Purified PCR products were added to a reaction 281 
containing Hi-DiTM formamide (9.7 µl) and GeneScanTM 600 LIZ size standard (0.3 µl) 282 
(Applied Biosystems, Mulgrave, Australia). After denaturation (94°C for 3 minutes) fragment 283 
lengths were determined by electrophoresis using an AB3031xl Genetic Analyzer (Applied 284 
Biosystems, Mulgrave, Australia). GENEMAPPER® (Applied Biosystems, Mulgrave, 285 
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Australia) was used to provide restriction fragment profiles and these were filtered using the 286 
method of Abdo et al. (62) to remove spurious baseline peaks (minimum height of 20 287 
fluorescence units; peaks smaller than 2 times the standard deviation calculated over all peaks 288 
were removed). The resulting GH48 gene sizing data was binned using Interactive Binner  289 
(63) in R (64) with a sliding window approach and the following parameters: minimum and 290 
maximum peak sizes of 40 and 520 bp repectively; minimum relative fluoresence units of 291 
0.099, window size of 2.5 bp and a shift size of 0.25 bp.  292 
 293 
2.8.2. Bacteria and fungal T-RFLP analysis 294 
Briefly, DNA from bacteria was amplified using primers 27f (58) and 519r (65) and the 295 
fungal ITS region using primers ITS1f (66) and ITS4 (60). For both fungi and bacteria the 296 
forward primer was 6-FAM labelled at the 5’ end. The amplicon mixtures of both groups 297 
were digested with AluI (New England Biolabs), and the resulting digests were processed and 298 
analysed as described in de Menezes et al. (46).   299 
 300 
2.9. Statistical analysis  301 
2.9.1. Data analysis  302 
 Multivariate statistical analysis were carried out in PRIMER 6 and PERMANOVA+ (Primer-303 
E Ltd., Plymouth, UK) (67). GH48, bacterial 16S rRNA and fungal ITS gene community 304 
ribotype relative abundance data obtained by T-RFLP were square-root transformed and a 305 
Bray-Curtis dissimilarity matrix calculated. Soil variables were fourth-root transformed 306 
(except pH) and standardised, and a Euclidean distance matrix calculated. In order to visualise 307 
differences in GH48, bacterial 16S rRNA and fungal ITS gene composition across sites and 308 
land uses, ordination by principal coordinate (PCO) analysis was carried out. The vector 309 
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overlay function in PRIMER was used to visualise the soil variables that correlated with the 310 
first two PCO axes. Only variables that had a vector length > 0.4 were included for 311 
visualisation in the PCO plot. The vector length is calculated based on the correlations 312 
between the soil variable in question and the first two PCO axes and indicate the strength and 313 
sign of the relationship between the soil variable and the PCO axes (68).  314 
 PERMANOVA analysis (performed with a non-nested fixed factors design, type III 315 
partial sums of squares and 9999 permutations under a reduced model) was used to determine 316 
differences in GH48 community composition between pasture and woodlands, between sites 317 
and the interaction between site and land use. For PERMANOVA there were 2 factors: site [3 318 
levels (Talmo, Glenrock and Bogo)], and land use [2 levels (woodland and pasture)]. 319 
Multivariate dispersion index analysis (MVDISP) was used to quantify β-diversity 320 
(community composition heterogeneity) amongst samples within each land use as well as 321 
among samples in each pasture and woodland plot, whilst significance of differences in β-322 
diversity between land uses and sites was determined using a test of homogeneity of 323 
dispersion (PERMDISP), using 9999 permutations.  324 
 SIMPER analysis (analysis of contribution of variables to similarity) was used to 325 
determine the variability of soil properties (67) across land uses and sites and was calculated 326 
using the Euclidean distance matrix of the 4th root transformed (except pH) and standardised 327 
soil variable dataset.  328 
 329 
2.9.2. DistLM  330 
The relationships between GH48 gene community composition and soil parameters were 331 
determined using non-parametric multivariate multiple regressions (DistLM) from the 332 
PERMANOVA+ add-on in PRIMER-E package. DistLM was conducted using the stepwise 333 
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selection procedure with the adjusted R2 selection criterion and 9999 permutations. Soil 334 
variables that were correlated with each other (r2 > 0.9) were removed from the dataset except 335 
the predicted organic carbon fractions (HOC, ROC and POC), as a specific goal was to 336 
investigate the importance of carbon fractions of different quality. Total C was removed as it 337 
was correlated with predicted HOC and ROC, and N was removed as it was correlated with 338 
predicted POC in the woodlands. Total P was also removed as it was correlated with organic 339 
P.  340 
 341 
 342 
3. Results 343 
3.1.  In-silico PCR and qPCR primer specificity analysis 344 
 345 
A thermodynamic in-silico analysis of PCR amplification was performed to determine 346 
whether the primers developed here showed good specificity and coverage of known 347 
actinobacterial GH48 genes. The two standard GH48 PCR primer pairs developed showed 348 
differences in their coverage of actinobacterial GH48 diversity (Supplementary Material 349 
Tables S1 and S2). The GH48_F1 - GH48_R1 primer pair were found to be capable of 350 
amplifying GH48 genes from every actinobacterial genus present in the Cazy database except 351 
Cellulomonas and Cellvibrio, however 10 out of 16 GH48 sequences from Streptomyces 352 
strains were not predicted to be amplified by the GH48_F1 - GH48_R1 primer pair (see 353 
Supplementary Material Table S1). Primer pair GH48_F1_cell and GH48_R1_cell was 354 
predicted to amplify all available GH48 gene sequences from the Cellulomonas, Xylanimonas 355 
and Jonesia genera as well as Cellvibrio gilvus. In addition GH48_F1_cell and 356 
GH48_R1_cell primers were predicted to amplify seven Streptomyces strains not expected to 357 
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be amplified by GH48_F1-GH48_R1 primers. However GH48_F1_cell and GH48_R1_cell 358 
were not predicted to amplify GH48 sequences from several actinobacterial genera such as 359 
Nocardiopsis, Salinispora, Catenulispora, Streptosporangium and Thermobifida. Overall 360 
coverage of actinobacterial GH48 diversity was therefore lower, but complementary to that of 361 
GH48_F1-GH48_R1 primers. Both primer pairs missed three Streptomyces GH48 sequences 362 
present in the databases, and in combination the two primer pairs are predicted to amplify 36 363 
out of 39 actinobacterial GH48 gene sequences (Supplementary Material Table S1). The 364 
primers GH48_F1-GH48_R1 were predicted to amplify Hahella chejuensis, a member of the 365 
Gammaproteobacteria phylum that acquired this gene by horizontal gene transfer (19). No 366 
non-GH48 genes are predicted to be amplified by the GH48_F1-GH48_R1 or GH48_F1_cell-367 
GH48_R1_cell primer pairs (Supplementary Material Table S1).  Therefore, in-silico analysis 368 
demonstrated that in combination the two standard PCR-primer pairs developed here provided 369 
good specificity and coverage of known actinobacterial GH48 genes. 370 
The GH48 qPCR primers developed here covered a narrower range of actinobacterial 371 
GH48 diversity compared to the standard GH48 primers and were not predicted to amplify 15 372 
out of 39 GH48 gene sequences from cultured actinobacterial strains (Supplementary Material 373 
Table S1). As with the standard PCR primers, no non-GH48 genes are predicted to be 374 
amplified by the qPCR_GH48_F8 and qPCR_GH48_R5 primer pair (Supplementary Material 375 
Table S1). Therefore, the qPCR primer pair developed here underestimates the total 376 
abundance of the actinobacterial GH48 gene, and is only used to estimate a minimum 377 
abundance of actinobacterial GH48 genes in the soils studied.  378 
 379 
3.2.  Phylogenetic analysis of GH48 clones 380 
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Cloning and sequencing of the PCR products obtained with both GH48_F1-GH48_R1 and 381 
GH48_F1_cell-GH48_R1_cell primer pairs was conducted for further evaluation of primer 382 
specificity, and to determine the phylogenetic relationships of the amplified soil GH48 genes 383 
to those of cultured actinobacteria. A total of 87 high quality sequences were obtained, of 384 
which three were removed due to the presence of stop codons in the sequence. A further four 385 
sequences were removed as translation did not result in a GH48 protein sequence for the 386 
entire region covered. One sequence was removed as no close database matches could be 387 
identified by BLASTn. Of the remaining 80 clones, 77 were unique sequences. 388 
 Comparison of phylogenetic trees generated by PhyML and RaxML revealed 389 
consistent branching patterns. GH48 sequences from cultured actinobacterial strains formed a 390 
separate cluster to those from other cultured bacteria and eukaryotes; however, this cluster 391 
had low bootstrap support. All but two (PhyML) or four (RaxML) of the 80 soil clones from 392 
this study clustered with the actinobacteria (Fig. 1 and Supplementary Material Fig. S2), and 393 
BLASTn analysis of these divergent clones showed that their top hits remained as GH48 394 
genes from cultured actinobacteria. However, the possibility that a small proportion of 395 
amplified sequences were not derived from the actinobacteria cannot be ruled out. 396 
 Neither PhyML or RaxML phylogenetic analysis showed any pronounced clustering 397 
of sequences arising from either land use, or from any of the sites studied. There was no 398 
clustering of sequences arising from the use of either primer pair, and therefore the diversity 399 
recovered with both standard-PCR GH48 primer sets designed in this study were similar at 400 
the sequencing depth investigated here.  401 
 Closer inspection of the phylogenetic tree shown in Fig. 1 and Supplementary 402 
Material Fig. S2 revealed that some of the sequences obtained clustered with known 403 
actinobacterial GH48 genes, whilst the majority of clones formed new clusters without any 404 
18 
 
cultured representative. All streptomycete sequences grouped in one cluster in both the 405 
PhyML and RaxML trees, and this cluster, which had high bootstrap support in the RaxML 406 
tree (> 0.8) included two soil clone sequences. A second cluster with high bootstrap support 407 
in the trees generated with both methods included Catenulispora acidiphila and 18 soil 408 
clones. RaxML indicated that two clones clustered with high bootstrap support with 409 
Actinoplanes spp., and one soil clone clustered with Verrucosispora maris. PhyML also 410 
showed the presence of these clusters but with lower bootstrap support. Both the RaxML and 411 
PhyML phylogenetic tree revealed that most soil clones were located in clusters, which did 412 
not contain any GH48 sequences from cultured strains. The largest of these clusters had 22 413 
soil clones, while other clusters containing only soil clones had 16, seven and three clones. 414 
There were four soil clones that clustered adjacent to a Salinispora-Micromonospora-415 
Verrucosispora cluster. There were two soil clones that clustered with low bootstrap support 416 
with Hahella chejuensis from the Gammaproteobacteria phylum. The phylogenetic tree 417 
obtained by RaxML, but not PhyML, showed that two other soil clones were located outside 418 
of the actinobacteria cluster, although clearly separate from the Firmicute and eukaryote 419 
clusters.  420 
 421 
3.3.  Analysis of residues of functional significance  422 
In order to evaluate whether the amplified GH48 genes were likely to be functional 423 
cellobiohydrolase genes, the presence of conserved residues with known roles in substrate 424 
recognition, accessibility and hydrolysis was determined. All of the clones obtained in this 425 
study showed the presence of the catalytic base, a conserved aspartic acid residue in the same 426 
position as T. fusca D225 (Fig. 1). Analysis of 12 conserved residues with functional roles in 427 
bacterial and fungal GH48 cellobiohydrolases (Supplementary Material Table S3) show that 428 
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all 8 conserved residues involved in hydrogen bonding were present in > 89% of the 429 
sequences obtained in this study, and six of these were present in > 98% of the GH48 clones. 430 
One residue involved with calcium coordination was present in 71% of the GH48 clones 431 
obtained. Two further conserved residues involved with calcium coordination and 432 
hydrophobic stacking interactions were present in 47-57% of the clones, however these 433 
residues were absent from the GH48 protein sequence of the model cellulose-degrading 434 
actinobacteria T. fusca. Fig. 1 shows the presence or absence of aromatic residues which have 435 
a demonstrated role in providing access to cellulose chains in the T. fusca GH48 enzyme. All 436 
but six soil clones showed the presence of either or both aromatic residues of functional 437 
significance (phenylalanine 195 and tyrosine 213). Inspection of the GH48 sequences from 438 
cultured strains revealed that all actinobacterial sequences had either one or both conserved 439 
aromatic residues, whilst the presence of these residues in the Firmicutes GH48 sequences 440 
was more variable, and none of the fungal sequences showed their presence.   441 
 442 
3.4. GH48 diversity in woodlands and pastures 443 
GH48 gene diversity across sites and land uses was determined by T-RFLP and their 444 
community composition was analysed against measured soil properties to provide an 445 
understanding of which environmental variables drive GH48 gene ecology. Principal 446 
coordinate analysis of the GH48 gene diversity (Fig. 2A) revealed a broad separation of 447 
samples by land use although some overlap of samples from woodland and pasture was 448 
observed, particularly between Talmo woodland and Glenrock pasture. Separation of samples 449 
by site was less clear, and samples from Glenrock and Bogo overlapped substantially within 450 
each land use. PCO analysis also showed a greater spread of woodland samples compared to 451 
those from the pastures. The main PCO axis explained 26.2% of the total variation and the 452 
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vector overlay function suggests that C:N ratio (positive correlation with main PCO axis) and 453 
soil moisture (negative correlation with main PCO axis) were the main soil variables 454 
influencing GH48 community composition in the sites investigated. The soil C:N ratio vector 455 
correlated mostly with shifts in woodland GH community composition whilst moisture mostly 456 
correlated with changes in the GH48 composition of pasture samples, particularly those of 457 
Talmo pasture. Glenrock and Bogo pastures as well as Talmo woodland samples were spread 458 
along along the C:N ratio – moisture axis in the PCO plot.  459 
In order to contrast the ecology of the actinobacterial GH48 gene with that of the 460 
overall soil microbial community, the diversity and community composition of bacterial 16S 461 
rRNA and fungal ITS genes were also analysed. PCO analysis of bacterial 16S rRNA gene 462 
diversity (Fig. 2B) showed that pasture and woodland samples were broadly separated along 463 
the second PCO axis, which explained 9% of the total variation in community composition. 464 
The C:N ratio and soil moisture vectors were positively and negatively correlated with the 465 
second PCO axis, respectively, and were the two main soil variables explaining shifts in 466 
bacterial community composition. However, PCO analysis showed that shifts in pasture 467 
bacterial community composition also correlated (> 0.4) with the vectors for MBC, MBN, 468 
pH, NO3--N, predicted POC, total, inorganic and organic P and total N. PCO analysis of 469 
fungal community diversity (Fig. 2C) showed that pasture and woodland samples were 470 
separated along the main PCO axis, which explained 11.7% of the variation in community 471 
composition. The C:N ratio and soil moisture vectors were positively and negatively 472 
correlated with the main PCO axis, respectively, and the soil moisture vector also correlated 473 
negatively with the second PCO axis. The fungal pasture communities from each site were 474 
separated along the second PCO axis. Shifts in fungal community composition from Glenrock 475 
pasture samples correlated with the NH4+-N vector, shifts in fungal community composition 476 
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from Bogo pasture samples correlated with the NO3--N, inorganic P, TDN, total N and total P 477 
vectors whilst shifts in fungal community composition from Talmo pasture correlated with the 478 
soil moisture, pH, MBC, MBN, predicted POC and organic P vectors. Shifts in fungal 479 
community composition from all woodland sites correlated with the C:N vector.  480 
PERMANOVA analysis was conducted to determine if the differences in community 481 
composition between land uses and sites were statistically significant.  Table 1 shows that 482 
GH48 community composition was significantly different between land uses and between 483 
sites (p < 0.001), and PERMANOVA Pseudo-F suggests that GH48 community composition 484 
was more different between land uses than among sites, however an interaction effect 485 
between site and land use suggests that this difference was not uniform across sites. Pairwise 486 
PERMANOVA comparisons showed that differences in GH48 community composition 487 
between land uses at each site were greater than differences between sites at each land use 488 
except when comparing Talmo and Bogo samples. 489 
MVDISP analysis was performed to determine whether the GH48 gene showed 490 
similar patterns of community composition heterogeneity across sites and land uses as the 491 
bacterial and fungal communities. In addition, variability in soil properties was also analysed 492 
using SIMPER. Table 2 shows that the GH48 gene composition was more heterogeneous in 493 
the woodlands compared to the pastures. PERMDISP indicated that this difference was 494 
significant (p < 0.001). The MVDISP and PERMDISP analysis of individual woodland and 495 
pasture plots revealed that whilst Talmo and Bogo pastures had low heterogeneity levels, 496 
Glenrock pasture heterogeneity was of a similar level to those of the woodland plots (Table 497 
2). PERMDISP showed that differences in community heterogeneity were not significant 498 
between the individual woodland plots and between woodland plots and Glenrock pasture, but 499 
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Talmo and Bogo pastures had significantly lower heterogeneity levels compared to all other 500 
plots (Table 2). 501 
Bacterial heterogeneity levels were similar between the combined woodland and 502 
pasture pots, whilst when analysing each individual plot, Talmo and Bogo Woodland had the 503 
highest heterogeneity levels. Fungal communities were more heterogeneous in the woodlands, 504 
and the higher heterogeneity of the woodland fungal communities was observed both when 505 
comparing all woodlands to all pastures as well as when analysing each individual plot (Table 506 
2). The variability of soil parameters (Table 2), followed a similar pattern to that seen for 507 
GH48 gene and fungal community heterogeneity, and was higher at the woodland plots.  508 
 509 
3.5.  Factors driving GH48, general bacterial and fungal community composition  510 
Multivariate correlation models were built using DistLM to provide a quantitative description 511 
of the contributions of each measured soil property to the observed patterns of variability in 512 
community composition for the GH48, 16S rRNA and fungal ITS genes (Table 3). When 513 
analysing the combined land use dataset, a similar set of soil variables made the highest 514 
contribution to the variability of the three groups investigated, in particular C:N ratio and soil 515 
moisture. Notable differences between groups include a greater importance of organic P and 516 
MBC in the bacterial model; organic P in particular was the second most important factor in 517 
explaining bacterial community composition variability, whereas this variable had little 518 
impact in the GH48 functional community and fungal models. Predicted HOC explained a 519 
higher proportion of GH48 community composition variability than for the other two groups. 520 
Predicted ROC and POC, DON, NH4+-N, MBC, clay and inorg. P were included in all three 521 
models, but generally made smaller contributions to explaining community composition 522 
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variability. A greater proportion of community composition variability was explained in the 523 
bacterial model (R2=0.35), than for GH48 (R2=0.23) or fungal communities (R2=0.25). 524 
 In woodlands samples alone, pH explained a similar (for the GH48 gene and fungal 525 
communities) or higher (for bacteria) amount of variability than C:N ratio compared to the 526 
combined land use models. Predicted HOC and soil moisture were relatively important in the 527 
GH48 gene model but did not contribute to a significant extent or at all in explaining 528 
variability in the bacterial and fungal DistLM models. The bacterial model explained more 529 
community composition variability (R2=0.36), followed by the GH48 (R2=0.16) and fungal 530 
(R2=0.13) community models. 531 
 Soil moisture explained more community composition variability in pasture compared 532 
to the woodland DistLM models. While inorganic P was the variable that explained the most 533 
variability of the bacterial community and the second most important variable in the fungal 534 
model, it was not part of the GH48 community model. Predicted HOC was the second 535 
variable that most explained variability of the GH48 community model, whereas in the 536 
bacterial and fungal models predicted HOC was comparatively less important. Clay, pH and 537 
predicted POC were included in the models of the three groups. As with the combined land 538 
use model, the bacterial model had highest amount of explained variability (R2 = 0.47), 539 
followed by the fungal (R2 = 0.29) and GH48 models (R2 = 0.21). 540 
 541 
3.6. Total and relative abundance of GH48, 16S rRNA and fungal ITS genes 542 
The abundance of the GH48 gene was determined and compared to that of the bacterial 16S 543 
rRNA and fungal ITS genes in order to estimate the relative importance of actinobacterial 544 
saprotrophs to the overall microbial community (Fig. 3). Results show that whilst at Talmo 545 
GH48 abundance was similar in both land uses, at the other sites the abundance in pastures 546 
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were 5-13 fold greater than in the woodlands in Glenrock and Bogo respectively. Bacterial 547 
16S rRNA abundance was greater in the pastures compared to the woodlands at Talmo (1.79 548 
fold) and Glenrock (1.9 fold) but not in Bogo (1.04 fold). Fungal ITS total abundance was 549 
greater in pastures compared to woodlands at Talmo (2.7 fold) and Bogo (2.2 fold) but not at 550 
Glenrock (0.34 fold). 551 
 552 
 553 
4. Discussion 554 
4.1. GH48 PCR Primer specificity 555 
In silico analysis of standard PCR primers developed here indicated that the two primer sets 556 
are broadly complementary in their actinobacterial GH48 diversity coverage, and in 557 
combination cover almost all the actinobacterial GH48 diversity from cultured strains 558 
available in GenBank (Supplementary Material Tables S1 and S2). The high level of 559 
specificity of the GH48 primers to actinobacterial GH48 genes indicated by in-silico analysis 560 
is corroborated by the fact that only 1 out of 87 high quality clone sequences represented a 561 
non-GH48 sequence. One non-actinobacterial GH48 sequence (Hahella chejuensis) was a 562 
predicted target of primers GH48_F1-GH48_R1. This species is a member of the 563 
Gammaproteobacteria phylum and acquired the GH48 gene by horizontal gene transfer (19). 564 
Phylogenetic analysis of the GH48 clone sequences did indeed indicate that 4 clones may be 565 
of non-actinobacterial origin. This represents a relatively low level of non-specificity (< 5%), 566 
and in any case the gene amplified was a GH48 gene, indicating that these primers are highly 567 
specific to the targeted gene ecological function they were designed for.  568 
The in-silico specificity analysis of the GH48 qPCR primers developed here showed 569 
that this primer pair was unlikely to amplify any template other than actinobacterial GH48 570 
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genes; however the qPCR primers did not cover all actinobacterial GH48 gene diversity from 571 
cultured actinobacterial strains and therefore provided an underestimation of actual 572 
actinobacterial GH48 gene abundances (Supplementary Material Tables S1 and S2). 573 
As with any PCR-based approach, the standard- and quantitative-PCR primers 574 
developed here will not amplify GH48 genes that do not share sequence similarity in the PCR 575 
primer target sites. However, application of these primers for the determination of diversity 576 
and abundance patterns across a large number of samples, in concert with the determination 577 
of soil properties, allows a better understanding of the ecological role of saprotrophic 578 
actinobacteria in soil ecology and carbon cycling.  579 
  580 
4.2. Diversity of actinobacterial GH48 genes in soils 581 
Phylogenetic analysis of soil GH48 sequences revealed significant new diversity not covered 582 
in gene databases (Fig. 1 and Supplementary Material Fig. S2). The majority of sequences 583 
were located in clusters without any cultured representative, although a large number of 584 
sequences clustered with high bootstrap support with Catenulispora acidiphila, and a smaller 585 
number of soil clones clustered with Streptomyces spp., Actinoplanes spp. and Verrucosispora 586 
maris. GH48 gene sequence data is only available for 17 actinobacterial genera, and this low 587 
coverage of GH48 gene diversity from cultured actinobacteria precludes a better 588 
understanding of the phylogenetic identity of the soil clones obtained here. No obvious 589 
clustering of sequences derived from woodlands or pastures, or from a specific site, was 590 
observed.  591 
All the soil clones obtained showed the presence of the catalytic base aspartic acid 225 592 
as determined for T. fusca (Fig. 1), which plays the essential role of activating the catalytic 593 
water molecule that allows hydrolysis of the β-1,4 glycosidic bonds in cellulose (54). 594 
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Additionally, conserved residues present in the targeted region which are involved with 595 
substrate recognition were conserved in the majority of the clones obtained here 596 
(Supplementary Material Table S3). The three conserved residues whose presence was more 597 
variable in the clones obtained were also absent in the GH48 protein sequence of model 598 
cellulolytic organism T. fusca, or were not involved in substrate recognition, which would 599 
suggest that their presence is not essential for cellulose degradation activity in actinobacteria. 600 
Furthermore all but 6 soil clones showed the presence of either or both aromatic amino acids 601 
(F195 and Y213) in the entrance of the GH48 catalytic tunnel (Fig. 1) (57). The absence of 602 
the F195 and Y213 residues would not necessarily indicate lack of cellulolytic function; 603 
indeed the sequences from Xylanimonas cellulolytica, Actinosynnema mirum and 604 
Nocardiopsis dassonvillei, which are known to possess the ability to degrade cellulose (43) 605 
lack the Y213 aromatic residue. The presence of the catalytic base, conserved residues 606 
involved in substrate recognition and key aromatic amino acid residues in the majority of the 607 
GH48 sequences obtained in this study is an indication that these clones represent functional 608 
cellobiohydrolases. 609 
 610 
4.3. Actinobacterial GH48 gene community diversity across land uses  611 
PCO analysis showed that C:N ratios and soil moisture were the two main drivers of GH48 612 
community composition across all sites and land uses, opposing most Talmo pasture samples 613 
(high in soil moisture) to Talmo, Bogo and Glenrock woodlands (high C:N ratio) (Fig. 2A). 614 
The C:N ratio are thought to influence litter C availability and high C:N ratio has a negative 615 
effect on extracellular hydrolytic enzymes during litter decomposition (69, 70). It is not 616 
surprising therefore that C:N ratio was one of the vectors with strongest correlations to the 617 
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main PCO axis, and was more important than the levels of organic soil carbon fractions 618 
themselves.  619 
 As with the GH48 gene PCO analysis, C:N ratio and soil moisture were also the two 620 
main drivers of the overall bacterial and fungal community composition (Figs. 2B and 2C); 621 
however other soil properties were comparatively more important in explaining community 622 
composition shifts of these broader groups than those of the GH48 gene community 623 
composition. As the primers developed here target a more specific microbial functional group 624 
(i.e. actinobacterial saprotrophs), the lower importance of other soil variables may simply 625 
reflect the narrower physiological range of the GH48 gene community.  626 
Whilst clustering of samples based on land use and site can be discerned, some 627 
overlap between samples from different sites and land uses was observed, particularly 628 
between Talmo woodland, Glenrock woodland and Glenrock pasture samples. 629 
PERMANOVA analysis was able to demonstrate that actinobacterial GH48 community 630 
composition was significantly different between all sites and between land uses, whilst 631 
pairwise comparisons confirmed that GH48 community composition was significantly 632 
different between pasture and woodlands at every site and between sites in both land uses 633 
(Table 1). 634 
β-diversity estimated using multivariate dispersion analysis showed that the 635 
actinobacterial GH48 and fungal communities were more heterogeneous in the woodlands, 636 
whilst the β-diversity of the bacterial community was more similar between the two land uses 637 
(Table 2). The heterogeneity of the GH48 and fungal communities broadly tracked the 638 
variability of soil properties which is also greater in the woodlands. These results suggest that 639 
the community assembly processes of GH48 and fungal communities are more strongly 640 
influenced by the measured soil properties than is the case for the bacterial community. The 641 
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similarity in heterogeneity patterns between the GH48 and fungal communities is interesting 642 
given that a significant proportion of soil fungi have a similar, but not identical, ecological 643 
niche in soil (i.e. soil saprotrophs capable of degrading plant-cell wall polysaccharides). 644 
In Glenrock pasture the GH48 community was as heterogeneous as those of the 645 
woodland plots. It is not possible to determine the reason for the high levels of heterogeneity 646 
at Glenrock pasture, but this site had the highest and most variable overall C:N ratio of all 647 
pastures (46). Given the importance of C:N ratios in structuring GH48 community 648 
composition, it is possible that the ecology of the actinobacterial GH48 community at 649 
Glenrock pasture was more similar to the woodlands than to the other pastures investigated 650 
here.  651 
 652 
4.4. Soil carbon influence on GH48, bacterial and fungal community composition 653 
Predicted HOC was found to be consistently more important to the variability of the GH48 654 
community compared to the general bacterial and fungal communities based on the DistLM 655 
analysis (Table 3). These results agree with the saprotrophic lifestyle expected of GH48 gene-656 
carrying actinobacteria (34, 71), which represent a more ecologically defined microbial group 657 
compared to the overall bacterial and fungal communities. Whilst other bacterial and fungal 658 
groups are also likely to have a saprotrophic role in these soils, the general fungal and 659 
bacterial communities analysed here represent broad metabolic groups with diverse ecological 660 
roles, and their association with soil organic fractions are therefore less obvious. Our data 661 
indicates therefore that we were successful in targeting actinobacteria with saprotrophic 662 
lifestyle that are likely involved with organic C dynamics in these soils.  663 
 The precise nature of the predicted HOC fraction measured here is currently unknown; 664 
further studies are necessary to determine whether cellulose is a component of this fraction 665 
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and whether saprotrophic actinobacteria are able to scavenge cellulose from a matrix of less 666 
bioavailable compounds such as peptidoglycan, lignin, and lipids (72, 73). The association of 667 
saprotrophic actinobacteria with soil organic carbon found here agrees with the results of 668 
Baldrian et al. (74), which showed increased actinobacterial abundance in the deeper humic 669 
horizon of forest soils.  670 
HOC was the most abundant fraction of predicted soil organic carbon in the sites 671 
studied, representing approximately 50% of the combined carbon from all MIR resolved C- 672 
fractions (46) and this is also the case in a range of soils from Australia (47). The data 673 
obtained here therefore highlight the potential importance of soil actinobacteria in the 674 
turnover of this more recalcitrant C pool and thus their impact on the carbon cycle.  675 
 676 
4.5. Other factors influencing community composition 677 
Soil moisture in the woodlands was noticeably more important for the GH48 community 678 
model than for the general bacterial and fungal models (Table 3). The woodland soils at the 679 
time of sampling were relatively dry, and considerably drier than the pastures (46), where 680 
moisture was one of the most important variables for the three microbial groups investigated. 681 
It is possible that the greater importance of moisture in the woodland GH48 compared to the 682 
bacterial and fungal DistLM models was a result of their community composition, as tracked 683 
by their DNA, more accurately reflected the active community, whilst a large proportion of 684 
the community composition tracked by the general 16S rRNA and ITS genes may have been 685 
inactive or senescent, capturing growth that occurred during past periods of higher moisture. 686 
This is corroborated by a study showing that actinobacteria were more dominant in the RNA 687 
rather than DNA fractions in spruce forest soils, particularly in the deeper humic horizon (74). 688 
Inorganic P was the first and second most important soil variable explaining variability in the 689 
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bacterial and fungal models in the pastures, respectively; the impact of P fertilisation on soil 690 
bacterial and fungal community composition has been previously documented (75). By 691 
contrast, the best GH48 community pasture DistLM model did not include inorganic P. The 692 
soil P levels determined in this study represent an approximation of soluble, plant-available 693 
organic and inorganic P (76, 77) and the application of P fertilizer was the major 694 
anthropologically-driven difference between each of the paired woodland and pasture sites. 695 
The low importance of inorganic P in actinobacterial GH48 models suggest that these 696 
organisms obtain most of their P requirements directly from decomposing organic matter 697 
(which unlike soluble orthophosphate is not immediately plant-available), even when more 698 
easily available inorganic P is present.  699 
 DistLM analysis further revealed that for the GH48, bacterial and fungal communities, 700 
pH and particularly C:N ratio played a smaller role in structuring composition in the pastures 701 
compared to the woodlands, whilst moisture was considerably more important than in the 702 
woodlands. C:N ratios in the pasture soils were lower (52 - 65%) and less variable than in the 703 
woodlands (46), which probably accounts for its lower impact on community composition in 704 
the pastures. Moisture and pH were more correlated with each other in the pastures (r=0.67) 705 
than in the woodlands (r=0.30); their co-correlation most likely lowered the additional 706 
variability explained by pH, once the variability explained by moisture was included in the 707 
DistLM model.  708 
 709 
4.6. GH48 abundance in relation to bacteria and fungi. 710 
The quantification of GH48 genes showed a higher abundance of GH48 in Glenrock and 711 
Bogo pastures, whereas bacterial and fungal abundances in these pastures were similar to or 712 
lower than those in the woodlands (Fig. 3). As the qPCR primers developed here do not cover 713 
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all of the cultured GH48 gene diversity it is not possible to determine whether the higher 714 
abundances in Glenrock and Bogo pastures are caused by higher total gene abundances or by 715 
differences in the taxonomical composition of the GH48 community between those pastures 716 
and the other plots. However, it is interesting that Bogo pasture had the lowest overall C:N 717 
ratio and the highest overall GH48 abundance; likewise Bogo woodlands had the lowest C:N 718 
ratio and the highest GH48 abundance amongst woodlands (46). This pattern would agree 719 
with studies showing that higher C:N ratios are negatively correlated to extracellular 720 
hydrolytic enzyme activity during litter decomposition (69). 721 
 722 
5. Conclusions 723 
This study is to our knowledge the first soil-based, landscape-scale investigation of the 724 
diversity of a cellobiohydrolase gene in relation to different land uses and soil properties. Our 725 
data revealed significant new diversity of actinobacterial GH48 genes and that C:N ratio and 726 
moisture are primary factors driving GH48 community composition in the soils studied. 727 
Given the ubiquity and abundance of actinobacteria in soils their role in soil carbon cycling 728 
clearly merits further attention. Finally, we have laid the groundwork necessary for further 729 
studies to investigate the diversity of actinobacterial GH48 genes in soil. Future studies 730 
focusing on in-situ expression of this cellobiohydrolase gene should provide a better 731 
understanding of the ecological role of these organisms in soil C cycling, and their 732 
interactions with other soil saprotrophs.  733 
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Tables 995 
Table 1. PERMANOVA values for differences in GH48 gene community composition 996 
between land uses and sites. Pairwise comparisons show differences between sites within land 997 
uses and between land uses within sites. Pseudo-F values and t-statistics are shown for the 998 
main test and pairwise comparisons respectively. For PERMANOVA there were 2 factors: 999 
site [3 levels (Talmo, Glenrock and Bogo)], and land use [2 levels (woodland and pasture)].  1000 
 1001 
Test Factor Pairwise 
comparisons 
Pseudo-F t statistic P-value 
      
Main test Land use  30.886  < 0.001 
Site  11.785  < 0.001 
Site vs. Land-
use interaction 
 10.29  < 0.001 
Pairwise - 
Woodland Site 
TO versus GK  2.782 < 0.001 
Pairwise - 
Woodland Site 
TO versus BO  3.709 < 0.001 
Pairwise - 
Woodland Site 
GK versus BO  2.210 < 0.001 
Pairwise - 
Pasture 
Site TO versus GK  4.316 < 0.001 
Pairwise 
Pasture  
Site TO versus BO  3.724 < 0.001 
Pairwise  
Pasture 
Site GK versus BO  3.313 < 0.001 
Pairwise - TO Land use Pasture versus woodland  
5.171 < 0.001 
Pairwise - GK Land use Pasture versus 
woodland  
2.993 < 0.001 
Pairwise BO Land use Pasture versus 
woodland  
4.352 < 0.001 
      
 1002 
 1003 
 1004 
 1005 
 1006 
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Table 2. Global multivariate dispersion analysis (MVDISP) for GH48, fungal ITS genes and 1007 
bacterial 16S rRNA for each land use and SIMPER analysis of soil variables (contribution of 1008 
variables to similarity). Shared superscripts within MVDISP columns for individual plot tests 1009 
indicate significant differences in homogeneity of dispersion between two specific plots (PERMDISP). 1010 
 1011 
Test Factor  MVDISP Dispersion  SIMPER averaged squared distance 
   GH48 Fungi Bacteria  Environmental variables 
Land use 
test Woodland 
 
1.186* 1.323+ 0.999 
 
23.76 
Pasture 
 
0.807* 0.677+ 1.001 
 
13.87 
Individual 
plot test TW 
 1.214ab 1.384abcd 1.368abcd  19.45 
GW  1.314f 1.286ehij 0.816bf  22.75 
BW  1.124ch 1.561cfikm 1.345efgh  31.20 
TP  0.456acde 0.514aefg 0.809ae  13.68 
GP  1.232dg 0.456bhkl 0.78cg  15.07 
BP  0.622befgh 0.778dgjlm 0.855dh  18.00 
        
 1012 
TW, Talmo woodland; GW, Glenrock woodland; BW, Bogo woodland; TP, Talmo pasture; 1013 
GP, Glenrock pasture; BP, Bogo pasture.  1014 
 1015 
 1016 
 1017 
 1018 
 1019 
 1020 
 1021 
 1022 
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Table 3. DistLM models showing variables that best explain variation in GH48, bacterial 16S 1023 
rRNA and fungal ITS community composition. Variables are ordered based on decreasing 1024 
percentage contribution to total explained variability (in parentheses). R2 values indicate the 1025 
overall amount of variability explained by the model. Abbreviations for soil variables are as 1026 
indicated in the methods; HOC is in bold to highlight its importance for the different groups.  1027 
 1028 
Land use Microbial 
community 
Factors (P value < 0.05) % contribution of 
each variable in brackets 
R2 
Woodland 
+ 
Pasture 
GH48 C:N ratio (9.06), soil moisture (5.51), pH (2.31), clay 
(2.30), HOC (2.00), POC (1.50), MBC (1.41), DON 
(0.98), Inorg P (0.83), ROC (0.73), MBN (0.64), 
NH4+-N (0.57)  
0.23 
   
Bacteria 
 
C:N ratio (7.84), Org P (5.67), MBC (5.13), soil 
moisture (3.79), pH (2.81), clay (2.50), Inorg P 
(1.44), ROC (1.27), POC (0.92), DOC (0.88), DON 
(0.86), HOC (0.69), NH4+-N (0.59), FAA-N (0.57) 
0.35 
   
Fungi  C:N ratio (9.29), soil moisture (3.85), pH (2.06), 
Inorg P (1.72), clay (1.38), POC (1.14), HOC (1.02), 
ROC (0.86), Org P (0.65), FAA-N (0.63) MBC 
(0.59), DON (0.57), NH4+-N (0.53), NO3--N (0.47)
0.25 
    
Woodland 
GH48 
 
C:N ratio (5.47), pH (5.44), HOC (2.21), soil 
moisture (2.08), FAA-N (1.49) 
0.16 
   
Bacteria  pH (10.65), C:N ratio (5.86), NH4+-N (3.72), MBC 
(1.96), DOC (1.96), DON (1.86), clay (1.59), MBN 
(1.40), LOI (1.36), Inorg P (1.32), FAA-N (1.15), 
ROC (1.13), NO3--N (1.02), HOC (0.99)
0.36 
   
Fungi pH (3.51), C:N ratio (2.57), LOI (1.80), MBC (1.26), 
ROC (1.14), POC (1.05), FAA-N (1.05) 
0.13 
    
Pasture 
GH48 Soil moisture (11.95), HOC (4.44), clay (2.31), POC 
(1.71), pH (1.23) 
0.21 
   
Bacteria  Inorg P (16.09), soil moisture (11.80), MBN (5.51), 
clay (3.40), pH (3.06), ROC (2.12), HOC (2.05), 
POC (1.19), DON (1.40) 
0.47 
   
Fungi Soil moisture (13.81), Inorg P (5.28), clay (1.81), pH 
(1.65), MBN (1.31), Org P (1.29), HOC (1.17), POC 
(1.14), ROC (0.97) C:N ratio (0.96) 
0.29 
    
 1029 
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Figures 1030 
Figure 1. Maximum likelihood tree (RaxML) constructed with GH48 sequences from soil 1031 
clones and cultured strains from Actinobacteria, Firmicutes, Neocallimastigales (anaerobic 1032 
fungi), Proteobacteria, Chloroflexi and Insecta. Nodes in tree branches indicate bootstrap 1033 
support > 0.8. Sequences from Bacillus spp. and Paenibacillus spp. were used as outgroups. 1034 
Sequence accessions are indicated following strain name. Colours indicate sequence 1035 
taxonomy or soil clone provenance; symbols in front of sequence names indicate the presence 1036 
or absence of aromatic amino acids relevant to cellulolytic action in T. fusca. Filled black 1037 
circles indicate the presence of both amino acids, filled grey circles indicate lack of 1038 
phenylalanine 195, diamonds indicate lack of tyrosine 213, open circles indicate the lack of 1039 
both aromatic amino acids. TW, Talmo woodland; GW, Glenrock woodland; BW, Bogo 1040 
woodland; TP, Talmo pasture; GP, Glenrock pasture; BP, Bogo pasture.  1041 
 1042 
Figure 2. Principal coordinate (PCO) analysis of GH48 (A), bacterial (B) and fungal (C) 1043 
community composition for all sites and land uses generated by T-RFLP. Colours indicate 1044 
sites, triangles represent woodland samples, circles represent pasture samples. Vectors 1045 
included were those that had a length > 0.4. The large circle is a unit circle with radius = 1. 1046 
 1047 
 Figure 3. Total abundance per gram of soil of actinobacterial GH48, bacterial 16S  rRNA and 1048 
fungal ITS genes. Error bars are standard errors. TW, Talmo woodland; GW, Glenrock 1049 
woodland; BW, Bogo woodland; TP, Talmo pasture; GP, Glenrock pasture; BP, Bogo 1050 
pasture.  1051 
 1052 



